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Information flow, trading activity and
commodity futures volatility
Abstract
Based on 10 years of unique data on news items relating to gold and crude oil broadcast
over the Reuters network, this study has two objectives. It investigates whether shocks
in trading activity, market depth and traders positions which are unrelated to informa-
tion flows covary with realized volatility. Additionally, the extent to which the volume of
the information flow as well as the sentiment inherent in the news are related to volatil-
ity is also examined. Both the sentiment and rate of news flow are found to be related
to volatility, with unexpected positive shocks to the rate of news arrival, and negative
shocks to the sentiment of news flow exhibiting the largest effects. While volatility is also
related to measures of trading activity, after controlling for the level of news flow and
cross-correlations, the net positions of the various types of traders of oil futures appear
to play a minor role, implying that no single group of traders lead to these markets being
more volatile. The results for gold futures are more mixed but sensitive to the choice of
the volatility proxy. These findings are at odds with previous literature which takes no
contemporaneous cross-correlations into account.
Keywords: Information flow; Volatility; Oil futures; Gold futures; Trading activity.
JEL Classification Numbers: C22; G10; G13; G14.
1 Introduction
There is a long history of research into the impact of trading activity and information
on financial market volatility. Based on a unique data set of news items on gold and
crude oil broadcast over the Reuters network, this study has two fundamental objectives.
First, it investigates the impact of shocks in overall trading activity and trader positions
unrelated to information flows, on gold and oil futures volatility. Second, it analyzes the
extent to which the volume of the information flow and the sentiment inherent in the
news is related to the realized volatility of these markets.
Investors’ interest in commodities, such as crude oil and gold has risen dramatically
in the last decade. In the oil market, the term “paper barrels” has become increasingly
popular, reflecting growth in trading in oil markets via derivatives without any interest
in the physical commodity itself (Yergin, 2012), while gold has established its status of
a safe haven (Baur and McDermott, 2010). Thus, it is important to examine whether
the volatility in these markets is related to trading activity which cannot be explained
by public information flow, and if the activities of groups of traders are associated with
more volatile states of the market. In this paper, extant studies are extended by using
the weekly reports from the Commodity Futures Trading Commission (CFTC) on the
outstanding futures positions by type of trader.1 While the majority of studies using
CFTC data focus on the contemporaneous explanatory power or predictive ability of the
Commitment of Trader (COT) positions regarding futures or spot returns (e.g.Wang,
2003, Sanders, Boris, and Manfredo, 2004, Schwarz, 2012, Chen and Maher, 2013), the
relationship between trader positions and volatility has been addressed from a number of
different perspectives. Chang, Chou, and Nelling (2000) examine the link between stock
market volatility and the demand for hedging in S&P 500 stock index futures contracts.
Pan, Liu, and Roth (2003) highlight how volatility and the futures risk premia affect
trading demands for hedging and speculation. Roethig and Chiarella (2007) examine the
nonlinearities in the response of speculators’ trading activity to price changes in live cattle,
corn, and lean hog futures markets. Tornell and Yuan (2012) analyze the relationship
between futures trading activities of speculators and hedgers and potential movements of
major spot exchange rates.
Studies related to this paper include Chang, Pinegar, and Schachter (1997), Wang
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(2002a), Wang (2002b) and Bryant, Bessler, and Haigh (2006). Chang, Pinegar, and
Schachter (1997) observe a positive relationship between speculative trading volume and
price volatility in the S&P 500 index, Treasury bonds, and three commodity futures mar-
kets. Wang (2002a) and Wang (2002b) document that volatility is positively associated
with shocks in net positions of speculators and negatively related to shocks in net po-
sitions of hedgers in the foreign exchange market while the opposite holds for the S&P
index futures market. Bryant, Bessler, and Haigh (2006) consider eight futures markets,
including oil and gold, and reject theories suggesting that the level of activity of particular
types of traders influences the level of volatility.
The novelty of the current study is that it explicitly accounts for the impact of
information flow on popular trading activity measures. Existing empirical research into
the link between volatility and news focuses mostly on the impact of specific news events
such as macroeconomic announcements, political interventions or earnings announcements
(e.g. Ederington and Lee, 1993, Christie-David and Chaudhry, 1999, Hautsch, Hess,
and Veredas, 2011). There are few studies investigating the role of news sentiment or
number of unscheduled news items and these studies address markets for assets other
than commodity futures. Kalev et al. (2004) study the information-volatility relation for
Australian equities and proxy information flow by the number of all news announcements
made on individual companies. Gross-Klussmann and Hautsch (2011) use news data for
individual equities traded at the London Stock Exchange sampled at high frequency to
examine how news arrivals influence trading activity in individual stocks. Ho, Shi, and
Zhang (2013) examine the relationship between the volatility of Dow Jones 65 stocks and
public news sentiment based on firm-specific and macroeconomic news announcements and
their sentiment scores. Riordan et al. (2013) focus on the impact of newswire messages
on intraday price discovery, liquidity, and trading intensity of Canadian stocks. Using
news headlines relating to constituents of the S&P 500, Smales (2014a) examines the
relationship between aggregate news sentiment and changes in the implied volatility index
VIX.
This paper makes two major contributions. First, the methodology of Bessembinder
and Seguin (1993), Wang (2002a) and Daigler and Wiley (1999) who decompose popular
measures of trading activity into expected and unexpected components is extended. The
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current analysis is the first to address the impact of trading activity on realized volatility
by estimating trading activity shocks which are unrelated to information flow. In contrast
to Wang (2002a), Wang (2002b) and Daigler and Wiley (1999), cross-correlations between
all variables under consideration are taken into account when trading activity measures
are decomposed into their expected and unexpected components.
Given estimates of realized volatility based on intraday data, no significant relation-
ship between shocks in net speculators’ positions and volatility in the oil futures market
is evident. However, a positive and significant linkage in the gold futures market is docu-
mented. However, these results are sensitive to the choice of volatility proxy and indicate
that the level of activity of particular types of traders is not significantly and consistently
related to the level of volatility. These findings are consistent with Bryant, Bessler, and
Haigh (2006), and Bohl and Stephan (2013) and contribute to the ongoing controversial
discussion relating to whether speculative positions are associated with destabilized mar-
kets. Second, this is also the first study which analyzes the role of the volume of the
information flow and its sentiment on volatility of gold and oil futures. Additionally, the
number of news items and their sentiment is decomposed into expected and unexpected
components which demonstrates the relative importance of shocks. When the direction
of the shocks are taken into account, it becomes obvious that negative shocks in news
sentiment and positive shocks in the volume of news are most relevant.
The paper proceeds as follows. The next sections outline the data and the method-
ology. Subsequent sections present the empirical results and concluding remarks, respec-
tively.
2 Data
2.1 Intraday futures prices and volatility estimation
This study employs a range of data for the period of January 2003 to October 2012.
First, realized volatility is estimated using 5-minute returns for futures on the crude
sweet oil Western Texas Intermediate (WTI) traded on NYMEX and gold futures traded
on COMEX. The contract size is 1,000 barrels for oil futures and 100 troy ounces for gold
futures respectively. The data originates from the exchange operated electronic trading
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platform Globex and is obtained from the Thomson Reuters Tick History database at the
Securities Industries Research Centre of Asia Pacific (Sirca). This study rolls the nearest
month contract to the next most liquid month when the daily volume of the current
contract is exceeded.
To estimate the daily quadratic variation using intraday data, the realized variance
as proposed by Andersen and Bollerslev (1998) is employed. If rτ,i denotes the ith intraday
return on day τ , the realized variance on a day τ is estimated by finding the total of the
squared intraday returns,2
RV 2τ =
I∑
i=1
r2τ,i. (1)
Futures are traded, except for short interruptions, almost around the clock on weekdays.
Given the contract specifications of the gold and oil futures under consideration, a trading
day is defined as the interval from 6 pm (ET) of one day to 5:59 pm of the next day.
Intraday prices of weekend periods (between Friday 6 pm and Sunday 6 pm) and days
corresponding to US public holidays are removed.
To match the COT data, which is only publicly available at a weekly frequency, daily
realized variances are aggregated to weekly realized volatilities as the annualized square
root of the average daily variance estimates from Wednesday of week t− 1 to Tuesday of
week t,
RVt =
√√√√252 · 1
N
N∑
j=1
RV 2
t− j
N
, (2)
with N = 5 for weeks with no public holidays and N corresponding to the actual number
of trading days in the week otherwise.
Existing studies on the linkage between trading activity and volatility document that
the results are often very sensitive to the volatility estimate (noisy estimates using daily
data relative to realized measures) used (e.g. Pan, Liu, and Roth, 2003, Luu and Martens,
2003). To ensure the results are comparable with previous studies (e.g. Bessembinder
and Seguin, 1993, Wang, 2002a) and to establish whether results are sensitive to the use
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of realized volatility, the daily Parkinson (1980) range,
PK2τ =
(Hτ − Lτ )2
4 ln 2
, (3)
where Hτ and Lτ denote the log of highest and lowest price of day τ is also employed.
Following equation (2), the final volatility estimate is the square root of the annualized
daily averages from Wednesday of week t− 1 to Tuesday of week t, respectively.
2.2 Trading activity data
Trading volume data originates from Datastream and comprises the daily trading volumes
of the gold and oil futures transactions that have taken place through the Globex, Clear-
Port and the CME Open Outcry systems. Similar to Bessembinder and Seguin (1993),
Fung and Patterson (2001) and Wang and Yu (2004) (among others), this paper employs
total open interest as a proxy for market depth. Furthermore, trader position data of
the closing positions aggregated for all outstanding contracts categorized by trader type
reflects the trading demands of hedgers, speculators and small traders. All open inter-
est data is obtained from the COT reports collected by the CFTC each Tuesday, and
reflects positions on that day. As mentioned in the introduction, the CFTC classifies
reportable positions as either commercial or noncommercial based on whether a trader
holds a reportable position. The reportable level in terms of number of futures contracts
is 350 contracts for WTI futures and 200 contracts for gold futures. The net positions on
Tuesday of week t used in this study are established by
NP jt =
Ljt − Sjt
2 ·OIt , (4)
with Ljt (S
j
t ) being the number of outstanding long (short) positions by trader type.
2.3 Information flow data
To capture news flow, pre-processed news data from the Thomson Reuters News Analyt-
ics (TRNA) database is used. The text of news items broadcast over the Reuters network
is analyzed using linguistic pattern recognition algorithms. The analysis produces a num-
ber of characteristics relating to each news item including relevance to the specific firm,
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sentiment and novelty. Sentiment for each news item is coded +1, 0, -1 for positive, neu-
tral and negative tones respectively. Here, we take all news articles denoted as articles,
representing fresh stories consisting of a headline and body text. Appends to previous
articles and alerts with no text body are ignored. News items relating to the topic codes
GOL (Gold) and CRU (Crude Oil) are collected from the commodities files for each day
during the sample period with a number of measurements relating to news flow taken.
The relevance of each news item takes a value between 0 and 1 indicating how
prominently the commodity was mentioned in the news article. The approach of Riordan
et al. (2013) is taken with only news items of relevance equal or higher than 0.5 are used.3
The total number of news items (denoted below as N) is recorded reflecting the volume
of information flow. The average sentiment (denoted below as S) across the news items
for each period is taken to capture the overall tone of news flow. As averaging may have a
distorting effect, the approach of Smales (2014a,b) is followed, where not only the average
sentiment is considered but the effect of positive and negative shocks in sentiment and
volume of news separately.
A possible limitation of this study is that the TRNA database cannot be viewed as
an exhaustive list of news items relating to oil and gold markets. That said, the Reuters
network is one of the major global sources of news, with the TRNA database specifically
being used by many market participants including algorithmic traders. While there are a
growing number of studies in the context of equities employing this data, Smales (2014b)
specifically uses commodity news items relating to the gold market extracted from the
TRNA database in exactly the same fashion as the current study.
2.4 Summary statistics
As this study is conducted at a weekly frequency, daily volatilities, trading volume, news
sentiment and number of news items are aggregated to weekly averages from the preceding
Wednesday to the following Tuesday. Tables 1 and 2 present summary statistics for weekly
realized and range-based volatilities, returns, news variables (sentiment and number of
news), overall trading activity (open interest and trading volume) and net positions by
type of trader. The average daily number of news at a weekly frequency (N) is in units
of 100 whereas the trading volume (V OL) and the total open interest (OI) are in units
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of 100,000 futures contracts.
Both oil and gold futures exhibit positive average weekly returns with the oil futures
exhibiting almost double the volatility of gold futures. On average, weekly sentiment is
positive with the news items about crude oil having a slightly higher sentiment than the
news about gold. The number of news items relating to the oil market on average per day
is almost fourfold the number of news associated with the gold market. Figure 1 provides
a general view of the dynamics of realized volatility, the course of news sentiment and
number of news items over time. The results in the upper panels of Tables 1 and 2 also
include the Augmented Dickey-Fuller (ADF) test statistics for the presence of a unit root
in the corresponding time series. The null hypothesis of an existing unit root can be
conclusively rejected for all series but the total open interest for the sample period under
consideration.
The lower panels of Tables 1 and 2 present the contemporaneous correlations between
all considered variables. Realized volatility is positively correlated with the number of
news items indicating that increased information arrivals are associated with more volatile
markets, as expected. This correlation is stronger for gold than for oil futures. Moreover,
realized volatility is negatively correlated with the sentiment inherent in the news flow
confirming that decreasing news sentiment results in higher volatility. The net positions
of speculators and small traders (hedgers) in the oil market are negatively (positively)
correlated with realized volatility, news sentiment and number of news items while the
net positions of speculators exhibit weak correlations with gold futures volatility.
3 Methodology
To understand the overall relation between information flow and volatility, a regression
model of the following form for the volatility σt is estimated,
σt = α0 +
m∑
i=1
αiσt−i + β1St + β2Nt + t. (5)
where RVt represents σt in this first case. Lagged volatilities are included to account for
the effect of volatility persistence. Additionally, the weekly news sentiment St and the
volume of the information flowNt are decomposed into expected (SEt , NEt ) and unexpected
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components (SUt , NUt ) in order to isolate the impact of surprises in news flow within this
relation,
σt = α0 +
m∑
i=1
αiσt−i + β1SEt + β2S
U
t + β3N
E
t + β4N
U
t + t. (6)
As shown in Tables 1 and 2, there are significant correlations between the considered
variables. To account for these, the expected component of each news measure is the fitted
value from an ARIMAX(p,d,q) model, while the unexpected component is the actual
sentiment or number of news items less the expected component. The number of lags
is chosen based on the Akaike information criterion and regressions are run with various
lag lengths to ensure robustness. Since both the weekly news sentiment and volume of
information flow series are stationary, a ARIMAX(3,0,0) model is used for decomposition.
The coefficients for lags higher than three prove to be insignificant. To estimate shocks
which are unrelated not only to the variables’ own history, contemporaneous values and
first lags of all other variables are used as exogenous variables. Additionally, to account
for any predictive power from past volatilities for forecasting aggregate information flow
variables, the first lags of volatility are included as exogenous variables as well.
It is well known that financial market volatility responds asymmetrically to positive
and negative news. Therefore, to examine potential asymmetric responses to shocks in
information flow, the residual series SUt and NUt is split into two series reflecting only
positive (SUt,+ and NUt,+) and only negative shocks (SUt,− and NUt,−), respectively. This
approach provides a complete decomposition of SUt and NUt in that SUt = SUt,+ + SUt,− and
NUt = N
U
t,+ +N
U
t,−. The corresponding regression model takes the form,
σt = α0 +
m∑
i=1
αiσt−i + β1SEt + β2S
U
t,− + β3S
U
t,+ + β4N
E
t + β5N
U
t,− + β6N
U
t,+ + t. (7)
Models (5) to (7) involve solely contemporaneous values of the information flow variables
since preliminary analysis has shown that lagged values remain consistently insignificant.
To examine the impact of shocks in trading activity on volatility, a regression model
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of the following form is estimated,4
σt = α0 +
m∑
i=1
αiσt−i + β1V OLUt + β2OI
U
t + β3NP
U,j
t +Dt ×NPU,jt + t (8)
where V OLUt and OIUt are the unexpected trading volume and total open interest, re-
spectively, and NPU,jt is the unexpected net trader position. j represents trader type,
speculators, hedgers, and small traders. Following and Bessembinder and Seguin (1993)
and Wang (2002a), a dummy variable Dt is used to consider a potentially stronger impact
of positive shocks on volatility: Dt is equal to 1 for a positive shock in net positions (the
net position is above its expected value), and 0 otherwise. Similar to Wang (2002a), due
to the high correlations between net positions of the different trader types (-0.978 for
oil and -0.921 for gold between net positions of speculators and hedgers), equation (8) is
estimated separately for each trader type.
To establish the components of the trading activity variables which are not related
to news impacts, V OLt, OIt and NP jt , are decomposed into expected and unexpected
components by using ARIMAX(p,d,q) model including the information flow variables,
trading activity and demand proxies as well as past volatilities as exogenous variables. The
expected component is the fitted value from the ARIMAX model, while the unexpected
series is the observed residual. The existence of a unit root has implications for splitting
a variable into elements related to its own history as well as the information flow and
unexpected elements. A stationary variable is decomposed with an ARIMAX(3,0,0) model
including the contemporaneous values and the first lags of the news sentiment and number
of news items as well as all other trading activity variables as exogenous variables. Similar
to the decomposition of news variables, lagged volatilities are used to account for potential
predictive power emerging from past volatility. A variable with a unit root requires an
ARIMAX(3,1,0) model with the same exogenous variables. In the majority of the cases,
the contemporaneous values of the exogenous variables are significant due to the existing
cross-correlations while the results for the coefficients on their first lags are more mixed.
Even if lags beyond the first one remain insignificant, the analysis is run with various
specifications to ensure robustness (results not reported).
This approach has not been adopted before for studying the research questions at
hand. Earlier studies decomposing market depth and trading volume into expected and
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unexpected components (i.e. Daigler and Wiley, 1999; Wang, 2002a; Wang, 2002b) merely
utilize ARIMA models without taking cross-correlations into account. Bessembinder and
Seguin (1993) run a robustness check of the results obtained with ARIMA models by
regressing the resulting residual series on past volume, open interest and volatility series.
However, none of these studies have considered news flow or contemporaneous correlations.
Thus, the unexpected components used in the current analysis are ’true’ shocks after
current and past values of all other variables have been taken into account. Thus for
example, the unexpected component of trading volume is independent of the current or
past levels of net trader positions, market depth and information flow.
It is not argued that trading activity variables are not predetermined, and their
inclusion in Equation (8) does not imply that shocks in positions and/or trading activity
necessarily cause changes in prices. A substantial body of literature argues that volume
and volatility are jointly endogenous variables that react in response for example to news
arrivals. The primary econometric objective of our study is to uncover partial relations
between volatility and shocks to news and trading activity variables while conditioning
on levels of current and recent trading activity, market depth and information flow in
order to analyze the impact of shocks which cannot be explained by the newest history
of these variables or cross-correlations. The specifications (5)-(8) are designed to achieve
this purpose.
4 Results
4.1 Volatility and news
Tables 3 and 4 present the regression results for equations (5) to (7) involving weekly
realized volatility and weekly averages of news sentiment and number of news items.5
To begin, realized volatility of oil and gold futures returns exhibit the common feature
of strong persistence. In both markets, volatility is significantly related to both news
sentiment and number of news items. News sentiment is negatively related to volatility,
as expected, indicating that decreasing sentiment makes these commodity markets more
volatile. The number of news items is found to be positively associated with volatility
meaning that an increasing volume of information arrivals drives volatility higher.
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When news sentiment is decomposed into its expected and unexpected components,
it becomes obvious that the expected sentiment is not significant while the unexpected
component is significant at the 1% level for gold and 5% level for oil with a magnitude in
absolute terms at least two times greater than the expected component. Furthermore, the
negative coefficients of the unexpected sentiment in equation (6) confirm that shocks in
news sentiment lead to increasing volatility. Separating the sentiment shocks based on the
sign of the shock (equation (7)) sheds further light on the news-volatility relationship. The
negative relationship between unexpected news sentiment and realized volatility can be
conclusively attributed to negative shocks. In other words, volatility increases significantly
when the news sentiment turns out to be lower than expected, while if the news’ tone is
more positive than expected, no significant impact on volatility can be documented.
In contrast to sentiment, both expected and unexpected volume of information flow
have a positive and significant impact on realized volatility for gold indicating that the
volume of news about gold markets is generally strongly related to the volatility. The
volume of information flow is positively associated with the general level of volatility,
regardless of whether the news are positive or negative, expected or unexpected. In
the case of oil, only the unexpected components exhibit a relation significant at the 1%
level. Analyzing the direction of the shocks uncovers that the unexpected rate of news
volume is related to a higher level of volatility only when it is positive, i.e. higher than
expected. Informally, these results suggest that the presumption of “no news is good
news” is accurate for both the oil and gold market.
4.2 Volatility and shocks in trading activity
Table 5 presents the regression results for equation (8) when realized volatility is used as a
proxy of the variation in the futures oil and gold returns and the unexpected net positions
by trader type (speculators, hedgers and small traders, respectively) are included along
with the unexpected trading volume and open interest. For comparative purposes, the
regressions containing only unexpected trading volume components are also presented
(column 2). All shocks are estimated by taking cross-correlations into account and can be
interpreted as the unexpected components after current and lagged information flow and
trading activity variables as well as past volatilities are being controlled for. The results
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show that the coefficient estimates on shocks in overall open interest and trading volume
change little when variables related to net trader positions are included. This indicates
that the adopted approach has successfully filtered out the contemporaneous correlations
among the variables under consideration.
One important result is that shocks in trading volume appear to be positively related
to volatility and strongly significant for both markets. This indicates that the results of
Bessembinder and Seguin (1993) and Wang (2002a) hold after filtering out the information
content of the contemporaneous information flow and accounting for cross-correlation
effects. Consistent with the results of these studies, as a proxy for market depth, open
interest has a coefficient which is consistently negative as it is related to the number of
traders or amount of capital in a market. Since these factors enhance market depth,
deeper markets are associated with lower volatility shocks (Bessembinder and Seguin,
1993). However, while the unexpected open interest in the oil market is significant after
filtering out the information in all the variables considered, it is insignificant in the gold
market.
If no asymmetric effects are taken into account, the unexpected components in
the net positions of hedgers and speculators exhibit positive coefficients implying that
volatility appears to be positively associated with shocks in net positions of these trader
groups. This finding is at odds with the study of Wang (2002a) into the foreign exchange
market who provides evidence that changes in hedgers positions are negatively associated
with the level of volatility. The current results also contradict Wang (2002b), who splits
trading demand by type of trader in the S&P 500 index futures market into expected
and unexpected components and finds that volatility is negatively related to speculative
demand shocks and positively related to hedging demand shocks. The positive impact of
shocks inherent in the net position of these groups of traders on volatility suggests that
regardless of the diverging objectives of these traders, their unexpected components are
related to more volatile states of the market. However, these effects are insignificant for
both markets under consideration.
When the direction of the shocks in net trader positions is taken into account,
consistent with previous research, higher than expected trading demand is significantly
related to higher volatility in the gold market even after all information inherent in news
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flow and trading activity has been filtered out. However, even though the corresponding
coefficients are consistently positive for the oil market as well, they are not statistically sig-
nificant. The information content of the trading activity variables can be further assessed
by taking the increments in the adjusted R2 of the conducted regressions. In contrast to
Wang (2002a), after considering asymmetric effects there are only negligible increases in
R2, if any. This is an intriguing observation which is at odds with Wang (2002a) who
documents pronounced increases in R2 in the foreign exchange market by considering
net traders positions, especially when allowing for asymmetric effects from shocks in net
positions. However, Wang (2002a) does not account for information flow as well as cross-
correlations among the trading activity variables and market depth.6 Additionally, Wang
(2002a) employs daily returns or daily high-low ranges to estimate volatility, documenting
much lower volatility persistence. Our conclusions are based on a more advanced intraday
data based volatility proxy. To assess whether the choice of the volatility proxy affects
our overall findings and can explain why our results deviate from those of Wang (2002a),
the regressions are re-estimated using the daily Parkinson range.
The regression results obtained with the high-low range are presented in Table 6.
Interestingly, the volatility persistence as captured by the sum of lagged volatilities re-
mains of a similar magnitude as in the case of RV which is much higher than in the
studies of Wang (2002a) and Wang (2002b). Overall, it can be concluded that the results
are sensitive to the choice of volatility proxy. The coefficients associated with shocks in
total open interest for oil and the dummy variable for positive shocks in net trader posi-
tions which are statistically significant when using realized volatility, are not significant
if the daily range is used to estimate volatility. Moreover, the previously significantly
positive asymmetric relationship between the net positions of gold traders and volatility
are smaller in magnitude and of opposite (negative) signs. This indicates that a more
advanced volatility proxy is capable of uncovering relations which would have otherwise
remained hidden.
In contrast, shocks in trading volume remain strongly significant regardless of the
approach to volatility estimation implying that shocks in overall trading activities have a
more pervasive impact on the level of volatility. This relationship is consistently significant
at the 1% level and holds regardless of the fact that all information in the history of
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volatility, along with the information in contemporaneous and lagged information flow
and open interest is taken into account.
To sum up, our findings indicate that volume and tone of the information flow have
a pronounced relation to volatility. Once they are filtered out of popular trading activity
measures, only shocks in trading volume are still significantly related to weekly futures
volatility in the oil and gold futures markets. Moreover, adding net positions does not yield
higher adjusted R2. These results are at odds with Wang (2002a), who documents that
volatility is positively associated with shocks in net positions of speculators and negatively
related to shocks in net positions of hedgers in the foreign exchange market, and Chang,
Pinegar, and Schachter (1997) who observe a positive relation between speculative trading
volume and price volatility in the S&P 500 index, Treasury bonds, gold, corn, and soybean
futures markets. These findings also contradict Wang (2002b) who finds that volatility is
negatively related to speculative demand shocks and positively related to hedging demand
shocks in the S&P 500 index futures market. Overall, they support the conclusions of
Bryant, Bessler, and Haigh (2006) and Bohl and Stephan (2013) who find no evidence
that the level of activity of particular types of traders affects significantly the level of
volatility. Based on a subsample analysis, Mutafoglu, Tokat, and Tokat (2012) focus on
the interrelation between the trader positions in gold, silver and platinum futures markets
and the related spot market returns and document that the link between traders positions
and market returns has weakened over time. Our findings suggest that this development
is evident in the second moment of returns as well.
5 Conclusion
This study investigates the relationship between shocks in information flow, market depth,
net trader positions and trading volume on the weekly volatility of oil and gold futures.
Information flow is proxied by the tone and volume of highly relevant news items obtained
with linguistic pattern recognition algorithms. Both the sentiment, and rate of news flow
are found to be significantly related to volatility. After controlling for contemporaneous
trading activity and expected news flow, unexpected positive shocks to the rate of news
arrival, and negative shocks to the sentiment of news flow exhibit the strongest relation
to volatility.
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Existing studies examining shocks in trading activity, market depth and trading
demand decompose these variables by taking their own history into account by means
of ARIMA models and do not control for cross-correlation between the trading volume
and open interest series. Here, the decomposition approach is extended to control for
contemporaneous correlations among all variables under consideration as well as lagged
volatilities. This approach reveals that the results for market depth and net trader posi-
tions vary between the two commodities under consideration. Contrary to the findings of
Wang (2002a) and Wang (2002b), shocks in net positions of the various types of traders
are now insignificant implying that the behavior of no single group of traders lead to
these markets being more volatile. A dummy variable which considers trading demand
when it is higher than expected on a separate basis, suggests the existence of a positive
relation to the overall level of volatility. Even though the results for gold are significant
in this case, the relation appears to be quite similar across all three groups of traders
and does not identify any particular group of traders destabilizing markets. On the other
hand, unexpected trading volume remains strongly positively related to volatility even
after controlling for contemporaneous trading demand and information flow. Moreover,
these results are highly sensitive to the choice of a volatility proxy with a richer set of
linkages revealed when a more reliable volatility proxy is used.
Appendix A: Tables
[insert Table 1]
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Appendix B: Figures
[insert Figure 1]
Notes
1The CFTC classifies reportable positions as either commercial or noncommercial based on whether
a trader holds a reportable position. Traders taking derivatives positions to hedge specific risks are
commonly regarded as hedgers. Noncommercial traders who trade futures for reasons other than hedging
are seen as speculators. Traders with nonreportable positions are referred to as small traders.
2There is a plethora of more efficient and cumbersome ways to account for market microstructure
effects for the purpose of estimating realized volatility. Liu, Patton, and Sheppard (2013) compare the
estimation and forecasting performance of around 400 different realized measures and document that
whether the five-minute realized volatility can be consistently outperformed depends on the utilized
benchmark. However, as Bollerslev, Tauchen, and Zhou (2009) point out, “the simple-to-implement
realized volatility estimator based on the summation of (not too finely sampled) high-frequency squared
returns [..] remains the dominant method in practical applications”.
3We conducted also a robustness check using all news items as well as news with a relevance score of
1 only. The results reported here were confirmed.
4The impact of news and trading volume shocks are analyzed via separate regressions to ensure a
clearly-arranged presentation. Including news sentiment and number of news in equation (8) does not
alter the results as the series of unexpected trading volume, open interest and net positions of traders
are generated by filtering out the informational content of contemporaneous and lagged news items.
5The results obtained with the daily range (3) are similar and not reported for the sake of brevity.
6In earlier versions of this paper which did not take cross-correlations among trading volume, market
depth and net positions into account, the documented increments in the adjusted R2 were much more
notable. However, net positions of the various types of traders were still found to be insignificant after
controlling for information flow implying that the behavior of no single group of traders is associated
with more volatile futures markets. Significant results were observed only in the case when using ARIMA
instead of ARIMAX models for decomposition.
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